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Components Benefits from Quantization Challenges

Smaller model size Hard to converge with quantized weights
Weights Faster training and inference Require approximate gradients

Less energy Accuracy degradation

Smaller memory footprint during training
Activations Allows replacement of dot-products by bitwise operations “Gradient mismatch” problem
Less energy
Gradients | Communication and memory savings in parallel network training Convergence requirement
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2{E1t (Binarization) 3{&1{k (Ternarization)
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Binary Connect[Coubariaux2015]1ts
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J(B.a) = ||W — aB|? (12)

where W is a real-value filter, B is the binary filter and a
is a positive scaling factor. The optimal B and « are given as ' y ] s
follows. oWt {argmmaawf J(a, W) = ||[W —aWW?|3
o st a>0,Whe -1,0,1,i=1,2,....n

) 1 )
B* =Sign(W), o =—||W], (13)
n ]
where 7 1s the number of the elements in the filter. Interest- “—'2016]

XNOR-Net[Rastegari2016]



b +1 with probability p = o(x),
© | =1 with probability 1 — p

where o is the “hard sigmoid™ function:

r+1 r+1
a:r(;}:):+L31ip(T;r ,(L,l):111a}{([],111i11(1,J';r )) |j‘>

Binary Connect[Coubariaux2015]
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Assume a dataset D = (z,,y,)0_;

p(Y|X,w) be a parameterized neural network model

Bayesian neural networks, we want to estimate the poste-
rior distribution of the weights given the data: P(w|D) = p(D|w)p(w)/p(D)
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Types Techniques Descrition Characteristics
) Using a quantization function to Simple to implement, can achieve good performance.
Rounding , . o . . . ) . ] ) , ]
convert continuous values into discrete values often need to store the real values.

Simple to implement, can explore structural redundancy,

Deterministic Quantization Vector Quantization Cluster the real values into subgroups , ‘ : . ,
i i = only can be used to quantize pre-trained models.
o S Convert the quantization problem Guaranteed to converge to a local minimum.
Quantization as Optimization : o - :
: into an optimization problem more difficult to implement
Random rounding Sampling quantized values according to given probabilities |  Simple to implement, introduce noises as regularizers
Stochastic Quantization
Assume the weights are discretely distributed Consider structural redundancy, automatic regularization,

Probabilistic Quantization . . o i i
Qu: ‘ or learn multi-modal posterior disribution over weights easy to interpret
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Algorithm 1 The training process of BinaryConnect

Notation: L is the number of layers in the network. w;_; is
the weight at time ¢t — 1. b;_; is the bias at time t — 1. a is
the activation of layer k. I is the loss function.

Input: a mini-batch of data (inputs, labels), a learning rate 7.
Forward pass:

e W; < binarize(w;_1)
e Fork = 1to L, compute ag based onag_ 1, wy and by_ ;.

Backward pass:

e Compute the gradient of the output layer ff
or OF STELfEDLN D

e For k= L to 2, compute 5= based on g and wy.

Forward: 2" = Sign(z
Parameter update* Z ign(z)

oF  OF
e Compute 5= and 7% based on 5 V Backward: - = —5ljz<1
o W, clip(wt_l — a‘i ) < where 1),<; is an indicator function defined as,
oF 1 |z| <1,
o by + bs_ 7 [ieq = 4
¢ t=1 = 1130, =<1 {U otherwise

Binary Connect[Coubariaux2015] [Hinton2012]
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Quantization: less bits per weight

Pruning: less number of weights > S X Huffman Encoding
/ i ™ \
T A Y PO D SN A T T -~ \ D e -~
= N [ | Cluster the Weights ' ’ \
| @ I R - S I ' !
. 1 (s
' | Train Connectivity ] X | O | I il
original | { | same : g 4 | same ! |Encode Weights | same
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' & I\ | I l
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DeepCompression [Han 2015]
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The recent quantized neural networks have achieved ac-
curacy similar to their full-precision counterparts. For exam-
ple, a binary network [Courbariaux er al., 2015] can obtain
08.8% accuracy on the MNIST dataset. For large datasets

such as ImageNet, a ternary network [Zhu er al., 2016] can
obtain comparable performance to the full-precision network.
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